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Abstract: Spiking neural network (SNN) is a new generation of artificial neural network. It is more biologically plausible and has
been widely concerned by scholars owing to its unique information coding schemes, rich spatiotemporal dynamics, and event-driven
operating mode with low power. In recent years, SNN has been explored and applied in many fields such as medical health, industrial
detection, and intelligent driving. First, the basic elements and learning algorithms of SNN are introduced, including classical spiking
neuron models, spike-timing dependent plasticity (STDP), and common information coding methods. The advantages and disadvantages
of the learning algorithms are also analyzed. Then, the mainstream software simulators and neuromorphic hardware of SNN are
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summarized. Subsequently, the research progress and application scenarios of SNN in terms of computer vision, natural language
processing, and reasoning decision are introduced. Particularly, SNN has shown strong potentials in tasks such as object detection,
action recognition, semantic cognition, and speech recognition, significantly improving computational performance. Future research
and application of SNN should focus on strengthening the research on key core technologies, promoting the application of
technological achievements, and continuously optimizing the industrial ecology, thus to catch up with the advanced international level.
Moreover, continuous research and breakthroughs of brain-inspired systems and control theories will promote the establishment of
large-scale SNN models and are expected to broaden the application prospect of artificial intelligence.
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x2 ETHRESHBHHEESER

ZH BrainScaleS Neurogrid ROLLS DYNAPs
%A 352 1 1 4
P TE/A% 8~512 65 000 256 256

FOEEER FH W 4 3% AR+, S TR 2 ]
KA TS5 M 2% EHAR 1, IX PR i e S5 R Rl & 7 4%
G B 75 SRR T 46 4 PR RE B AR 347, 1%
OHAAMTEZ, BZEE&256 MIZ 6, LU
HRCE SR 12 SRR T IR AR I 25 220

Brab iR A, A — TR B GRAZ LA 1
SRAFA B R (VR A B . 2 BB A — P S 4K
A, 3 B SR RS IR R AR £ 1
i B2 SR HL SOIRASTS, A — A R A 4 5 ik )
HAT H., 76 SNN 1, AZFHBAMY A 05 AR 3 58 it AL
H, A DAAR AR SN BBk A 5 3 2 T R X e A
o XA AL T A A S A (1 ) T 98
£, W LTP A LTD. ZFHAF 8951 NN SNN #2441
— PR R SR AR . L PH AR R R
REPE AT SRR S — Rk, PR S M= Rk IE
BONmEA, $EE T SNN BT SE e AL, SR,
{7 B 33 7E SNN FF N IR T I — 26 Bk ik, anas 1 i
FasE Mk IR H ) DA B 5 A F T 2 ) 4R R )
RO, RSN, YF 22 B 5T 1 BN IEAE 5% ) T IR
SE PR, 842 BH 2% BON 2 2SS A O LA
fiti %

Ky o B0 O AU EL AR SR R R ik 42
RS R, XEWERSLERREITHT
FoRRELRM LR RSB R IRE T HA
BAEPIFERE TG AP ER B 2. 50U
PEAALE, B Wk T DU RdEhl s & RS R &R
FEEE, I HREEAE s S dh iyt 1y i3 T2 1 segi),
WIFPGA FIE AR UL G585 i T2, R 3N T- 4L
TS ST T 845 . @ TrueNorth

G/ 4% ~130000 100 000 000 128 000 16 000 O HE PR EALES AR ABMD 2T 28 nm /&

HIFE T /mm 180 180 180 18 FARThAE (LPP) CMOS L Z; il i 1) 4= B 7 vl 48 4

i F/mm? 50 168 5144 4379 AT S 1 4096 M4 SRl 0

IR T AE 174 119 AEH 17 A SAMCA S ARE, P2 A B A 24 T 100 T4

Jikt/pd TEHN 256 LA G A, IEAT WA DAL 70 mW
=3 ETHRFHEEMNBERSTH

ZH TrueNorth SpiNNaker Loihi 1 TianJic Darwin 2

% 4096 18 128 156 576

UYWL A 256 ~1000 1024 256 256

A/ A% 65 000 ~1 000 000 ~1 000 000 65 000 ~17 000

HIFE L2 /nm 28 130 14 28 55

[HIF/mm? 430 102 60 14.44 A& H

IR VR DI FE/p) 2.5 4000 23.6 1.54 ANTEH
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HARI 9 Y, fevsi@id SN E A i E N E
PP NS R G, (EERGAER., HE R, 4
TR A5 5 T JE B M RESY . (@) SpiNNaker f2 AJ
DA R Sz B HURE SNIN [ 4 3 7 FL B e 2 T 25
WESEG, SR ER T 184N [FIF ARM968 A3
%A1 128 MB 1) 4 EFEEN A7 VT i) (DMAD $%Hl|
28, fEIBATANZE N 180 MHZz I I THAEZI T W, R
SN 102 mm?e %485 7 AT 53 1000 T,
SRR E JUE) )1, B H-HE AL LIF
BRI Izhikevich B 845%,  HA = B R gmAE R g PE,
@) Loihi /& S hE R A A (Intel) & H 1) 7E 28 2 3] 4l
G, BAWRIE. B, Kbt
By RSB HIEN . A2 3% nT LS
FFEEREMER, Loihi 1385 K H T Intel 14 nm FinFET
T, ZOmEFA60mm®, A 128 ML
A3 AN X86 b FEZS 0y Hor, HiRZ A
1024 /MIZE IR 16 MB il 7% &, $i 12.8 Ji Al
ZTOH 128404 R filt, BFAMPPE TR LA 24 AR
ARZ . Loihi 2 2 Intel 55— SRR LM EZ] (EUV)
T &A1 s Intel 4 FlE RS, OO AR E 31 mm?,
LT 128 MRATE A% O A 6 MK THE Y X86 4k
FRERZ 0 A3 THE TZMKRIRTE, Mool
IR E 100 /5, RAVECER MR 12127 .
Loihi 2 A AR A 22 e R BR , f i5 49-Hic 4096 4>
A EDIRAS, HACHEE S Loihi 1 /9 104%. @ TianJic
B e K B R ) T S RO A Rl S T G
F, RS ) 2D-mesh A% LRSS F™ . )
O TR AR (UMC) 28 nm fil|fE L2
filiE, PRREF256 MMET, RATHMAR
0.078 mm?, 7E 14.44 mm*fk A b 48 A1) 2 fioh 5 b
1000 /34, 1E3CFF SNN 2 ]I R [F I, L REDS
N ANN iz B )] ((E N 1.3 TOPS) . 5 A%
O B R R ER Y B, B R T4 20%,
T E D T 1065, T TianJic 5 F # & ]
s AN TR R, BT BANEH
HATE R 5 Pl . HARSE IREE . ES w2
WAL EShEEEEA R RS R . © Darwin &
WiTL K 5 5 UM R TR K% 5 T R RT3 1)
SNN ZEfisiits B, FIARE i 8 500 75/ R, B
B 2048 AN TTANHE T 400 JTANRHZ S fid, R~
AN 25 mm?. Darwin 2 3£ F 55 nm CMOS LZ AR
M3, S 576 NN RZ A R, B WAL S RE
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256 M TG, A TRAMEIT 1000 G4, HET 7924
Darwin 2 & 7 #4 £ 0 B 9 1 & BT E AL, SR
1242 kbR 4 T AT 100042458 i, A4 T2 R
KA oo i) e, $LAIE AT ThFE N 350~500 W
TE 5K VA FE A SR, P LSS T 0
TR RIE S — AR B, KA SNN 5L
ERRAE THAERRS &, CHT Histaill, 2%
ERNRI S5 B AT 55 A 2

9. Bk g N AR AR

SNNETHSLRE T AL A ANBE (4 SL LA 5 T
FRELPRTE, CAETHEERNILILGE . E ARG 5 A B A HE 2
RAFSEWAESS P AT T B R. AT FEHALE
U, SNNZE B ARt ShVE RS 77 a AT A
(8L AT S, LB R AR AT S RS B 52
Tho fEHRIE S AT T, SNNAEE SCGAKL &
WU SR 55 h R B 8 35 1R il 0, s A DA
22 ek S s st 7RG A M2 R G RE B AL
BT FEEBE A YUR, SNN ELZH R T 567
fly RRFOR 5 A REEAEST, A2 ke fh i ==
FEVE SR SEI 2 2] 5 A . SNN FEIX AT 55 rh (A
FURERE NN TR BEAURAT R T W RS LA,
NG AR K SNNCRELE B 2047 M AUk A 45 OB 1

(=) IHENMMTEIES

TETF BT 55 H,  SNIN H 0 1] I A 22 vy
e, HLBRBIEPRER, X EE SRR
Y F R kb A . AR, WSRO DL oot
kb2 TR b B R, AR T SNNZE ]
Borde. BERIEEAE S tERE. SNN £ 5 I [H]
AR AL S R T E K1, wish
PERBADCH AL 155, AR R ENAL 0 7871 ok
B EL.

1. Eg K

UTAER, SNN TEEME 7 28 4E 55 75 TH 0 7Tk it
W, BfS 7 NEH R . XufEW el T
44 CNN I SNN 2% 2] 2 77 IR B CovDenseSNN
RRGHESE; ZHESL S A G IR B STDP % 2] FiU &2
B AAESE SR, A T WA, nTf 8t
HIAR R 73 K555 . QuAEHITF A T A [va 4101 1 AT
TR HME P A R U BT, Blb T A R
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B, BRR TR . WE S R STDP 24 2] 3
T R e ey N JE N2 ) R SR AU, R TS E
J 8R4 MNIST _EAREU B IRIME 555 &7 VEAE
TRFFIR S PERE I FIRS, (62 3] RR 3R = T 30%~
50%. Tavanaei 5™\ $¢ ) 7 —FR Il 45 2 )2 kb & 1
MM T GRS RREREEE S HhET
STDP % ] JUU HEAT JC M B RFAE R, 48 5l i i
OIBE FE T BEHEAT ka2 26, SEBR R, %7k
7E MNIST 4 4 b5 F 56507 0 RIS B A K
TFIICR . Lee ZEC5 ok b 4 28 70 1) JBE Hi A7 A Sy vl
AR, INERKIPAE IR ES MRS, f# SNN R
R 2 S ) A% AL TG 5 1% Gu IR 5 25 >0 X 48 AH ] 1)
JE B . % AR 7 G 0T DL BE R Aff b Al 3R K b e v B
P B AE MNIST MR VP A R L, AR LR S
CNN, 7] DL 8/ 1) v S 0 1 3R A5 58 s RS
Wu S50 55 A 35 52 2% () 3 R0 [A) A S e 254k, 3R H
TR T v BE SNIN FR I 4% e 1) 4% 4% 4501k
(STBP), fift ik 7 SNN A ik b 45 2 7 A Bl () i 7t o
L TE 4 MNIST. 345 N-MNIST %5 54 4 317
WAL, SEREY, WEESIAE ek SNN LA
FURE B B =1 . Rueckauer 2 H T —Fha] BLAR YRR
i 4> CNN [1] SNN #% 4k 1) 757 %€, I £ MNIST.
CIFAR-10 DA K 55 B4 &% 14 (1) ImageNet £ 4 48 I i3t
177 ARPPA, & PIAE S IR)RE v i 8 N R 58 B
FE NP T 1/2. Sengupta S5 T —Fh ANN [MJVR )2
SNN 4l J10s, $RI T 5k 22 W0 28 B b A K 2
R JUATRIF TR 2R ) VGG AR (K PR, 7E CIFAR-
10 ImageNet 55 5 2% B4l 4 b 7 1 B0 10 1R
., Wang 55X BLA ANN [A] SNN 540 75 VA7 7E
R RAEAEZS R ), B H T — Bl 0 ik
P TOAE 5 RE PR B R 7%, TSR RA
THEHIBLE 9 SNN, B PRK T AR AEE, R
MNIST ##55 ESCH 1 8 m R RS FE

2. BARE I

SNN B A & B AT 015 B AL ERRE /7 AR 3
FeRptE, CFEZAY H bR S v Bon 4 o il
RRITTERE, AR AL BRSP4 3 5 0 SEET H BRI
fE%% . Kim &g H 7 —F: T SNN ) H Fp ks il 4
A, JETE H bR R4 (PASCAL VOC) IR
PRk G R AE i 42 (MS cOCOo)  _E k47t ,
I L FH R FEE e 28 I 2 3R AT R ARG 00 £ 25k SR A
M. Kim S T — R RAE P T, HE

BPE . SEIRFNR fud AE B = U7 T4/ 1 55T SNN
H RSB (M e . R VR A SE B T PR Al
SKCHRE, 1T LA S fik B A A 2 8 D B A O T S
T Bt i B ARAS RS ¥ .- Chakraborty 251 H
T PRI T R R A A 2 X 4 ) v e E AR AS
ik GHTIREEE W40 H bR 7 AR
W7 VAR BE A ARG HLEE N1 e . Jiang S50
T AT E KA SNN, A A IS
AL AR AL D SRR AT T A AR DA R
BEs MAMEHE— B IGIE T AT SNN 1 H ARk Al E
F R TR R R HERE, JR7E CPU I GPU
T TR LR, SR KW, SNN #EAYE GPU
R RLT, TECPU LIRS . Vemuru™ 4 H
TR T SNN A A I 2% 31 77 5, RIILAE
G B ' I 8] A= ik 8 A7 G 1 B A s il o i B A R
H, R 2N LZR . TR, AR
Fo] WS S TAER AL A D L 4
KIS S, R BIEF L&A T B
PRI RN T REN FH o Demertzis 251 T idF
A UL T 5 o ey U IE Y A = 8 Rl Y
R DR ARSI S P9 2% B AT o

3. BEIR G

SNN 7E B /E TR AT 55 o 32 I H 5 K (1038 77
A DU SO B (8] 7 500, S s S T2 2
PIBE NS, T F R 5 FiE 3 5 BN &5 .
Cheng 5™ tH 7 — Bk i & 5 B IR) 98 2 B0,
EPEm 7 SNN RT B REE R . s, R R
G5, KPTHEH A SNN T F 50150, 1R HEAf
RIEF 97.4%. Tsang ZEE T —FhAI FH A% 4k
IS BEAT TR 1 SNN J5 v, I 7E Soli Al
Dop-NET W /™A F R £ gk AT 78 uE, e
RIEFN98% LA o Safa GV MEH T —FiH T HETF
FAR A 4-b AU Bk AR 2 4%, 7E 4 AN AbEER [R]
R NI T 93% MHERI % . Xing F2EH T
— Rk AR T 2%, B R s SRS A
B VSR AEA B T AR A I e R, AT DL
BT AR e T Pk 22 T A R O 5 )Rl Il R,
NEF AU o 12 28 ) ik |2 3% 22 =558 0 e |
il (SLAYER), JE7EDVSFHEHEE FidkAT
BOE, XF 10 8 FH MR AHER L F] T 96.59%.
Liu SO 7 — P T S0 1 2 7R TR0 ik o vk 2
W2, T HE U A 21 J 3 1 3 4 R IR R 1 22 2 IR
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ZBAMEE, #ATEERA. £ KRERSRINEE,
WE B T I SNN ZEH4) 78 3 A R A AE 55 Hh 1A Rt .
Banerjee S5 7 — Az ) S AR AS B 73 [A) A
[B] R AIE ) ik PG AR A 2 P 2%, 0 03k B g 4 s B
T 85% MHERER, HAEMEARREGRIRME Y. %
JNET B BE R IAN M A LS % k& b, B
PO HEEAEIR

4. JeiAtiTh

SNN EJG LAY VHAF 55 Th R B0 1 =1 22 1 B Fe A
fH. SNNFHHMEAE S gL, Fetdxtmid
B IR TR s shiB R . 1k 5T L&k
B, SNNTEGIUAL v I AE AR P RN B 1 35 1R &7
IR Lee PR 1 —F SNN M ANNIRFEZ R &
A1 22 X 2% B3 84) Spike-FlowNet, AJ 7E A4 P BE 1
AR A A A B AR L .
2% 7E MVSEC ##i4 FbAT 76 wlil g 77 F v &
BOCRWIVEAY, 455K, Spike-FlowNet 7£ /7 il
BE 17 AL T LA ANN,  Paredes-Valles ZE4 H
TR AT 4 BRI SR EP) SNN B84, SEBL T
RN 4 R 2 3l T . Cuadrado 25672 H T —Fh
Re AT B BB I T SNN, - - % M 25 75
A IR 2 A 28 DSEC I 25 DL R AR 11 2 3l 3 5 1)
Feif. Zhang FFHE H T — i 2 g (1) SNN K Fi ]
HAAEHLEEC D HBAR O, FEEIA AR
IBIEE LT TSRIOxT b, g5 RR I, fEmAh
THAS FE 7 T 5 I B U B 7 U R A0 Y, T DI FE L
A FIETE 99% LA . Chaney &2 H | —Fhnf
H T80 mAl it i 572 4 5 I B B SNN,  JfH1{E
MVSEC ##i 5 F AT itge i, 250 % 0, HAE
DIFEJT R INEANT -

& 45 BRI TF BN AT 55 SR AE A T S 42
RTINS R AT T RS

(Z) BRESLIEES

£ B ARIE 5 A BAESS . N R R os A Ak
PR 5 IO S0 R T SO JE A 4 o1 ) 5 AR e
. SNN A 2 i ALY 22 oo A AR (15 2
GRS EE ST, T DAAREE KRR 118 AR AT IR R
DITE MR . T, SNNTESCAZM . 1H &R
A R M & AR 5 AL BRAE 55 B N FH B HRAS T
MBI . 35 XA B ARIE F AL ERAE 55 SRR
NI EEESE ERIPRIN S5 RBEAT T R
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FESCA G RAF 55T 101, Lyu S92 7 —Ff
AR 7 PR RIIZR SNN,  JRAESEE . W
HEZ MR AT SOR P BRI, AR
B, P 2% ] DL LA EE /b () e 5V #E 3k 45 5 DNN AH
R, (R EAE H Mo T A B R ) B
PEo ZhuZEWOR H 7 — PR T SNN A Rl il 5 8
Y “SpikeGPT”, f&YI¥s SNN 5 Transformer Z¢ 4 45
A, EFINEREE LBl 75 ANN A 4P fE
[F] IF REAE i 3 FRAIC . Mo S8R 1 — AN A ik oy
IR TEMES, 7E15 BALETT 17 5l NI 4L, §
KM TCZ AR RN &5 B AR R IE A
%, Wt 7T M SNNIZRE , BAERIUSIoHE
JEE RS 1y ) SCAR 3 AR NS

TEE R AESS 71, Wu LT SNN 4 2
T—AKENCE A EE RS, ERRAEFE T
A DAVRE A 0 AN B TR AT 202K, R e T B
FERIEE TS . LI th 7 — R T ik e
FIRIE SRR SCEA R IR S, A B r s
G T RS . Zhang SENOE H T — A
BT SNN B IHESE,  JCAELRm A= S AL
FH B S A 24T S, R FH — ol 2 B rL A 3K 5 1)
RAEVFBEEFATE NG, BRAES TR

TEIG I TS5 7 TH,  Solairaj 5 HH T —Ff
BT SNN L iR I & i |40, JFETY
VPSS EEEATINVE, M ECBLA M ER DT,
HEM R AR RIET . Diehl SR H T —FhJE T SNN
FISCARNE B 7, IHAEM A T E A TrueNorth
SR A ITIRAENE O pr R A B AT T I
iE, RIS JE 4G DNN AH 4 1R .

(=) HEARES

SNN £ & BEHE L 5 TR AR 55 J7 T R It T 4Lt
IS A . SNN B A& ALY 5 3487 SR AMISE
RN, RN SER R A, SHERR
HERE . B RERRAL ST T R E AR, W AR
B B HC. BRARALRISE . (H SNNIE M O T I
B P B 5N, R IG L A B A5 SO T 3 (1) 5 R AT
25 I AT RETHI M AE IR ] R, A SNIN 27 2 S50 (1) AN iy
R AN A 28 S5 A6 I HF 2R A, SNIN [ i JH2 gkt i A
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x4 BAFHENMRESEAELTRREE LRIPNESR

THEAL

. R 2 5 1) KHEE KRk HERIZE /% 52 S0k
MHAT 5
EI& 72k Jik i A AR N % ANN-SNN #% 4 MNIST 99.09 [45]
SNN STDP MNIST 92.00 [47]
Jik i A AR N % STDP MNIST 98.60 [49]
K% SNN ANN-SNN %44 MNIST 99.43 [52]
Jik i A AR N % STDP MNIST 90.20 [108]
SNN W7 R AR R N-MNIST 98.66 [38]
% 2SI STBP N-MNIST 98.78 [39]
ki R ) 244 ANN-SNN %% # CIFAR-10 90.85 [51]
Jok i AR Y % ANN-SNN ¥4 CIFAR-10 91.55 [29]
K% SNN 5T STBP I RM{ELAH Gk & DVS-CIFAR10 67.80 [109]
H—16 5%
Jik i A5 AR N 4% Temporal-wise attention SNN DVS-CIFAR10 72.00 [110]
g7y sl SNN ANN-SNN #44t PASCAL VOC HIMSCOCO A3 [83]
SNN ANN-SNN # PASCAL VOC f1IMSCOCO  NNif A [84]
ok e R R 4% STDP 1 STBP MSCOCO ANidE H [85]
SNN BT H#E KA SNN T ANiEH [86]
SNN B 5 B2 8k water _tower dataset 98.03 [88]
A% SNN AR 1% COCO02017 1 Genl ANiE H [111]
SEIR S SNN BE AU % T 97.40 [89]
SNN BT IR AN S 7 1K ¥ SNN Soli #1 Dop-NET 98.60 [90]
ik 5 AR 4% ANN-SNN #4 4t 8-GHz SISO 93.00 [91]
o 5 AR 3 U o 28 I % ok 2 % 22 B o DVS 96.59 [92]
SNN Segmented Probability-Maximization DailyAction-DVS 90.30 [93]
Jik i A5 AR Y % STDP 7 85.00 [94]
SNN Spiking Gating Flow DVS 87.50 [112]
AT SNN AT ANN VA #2825 INF 8] J52 7] 4% MVSEC ANid A [95]
SNN STDP event-camera dataset''"] A& H [96]
SNN AL T 1% DSEC A& [97]
SNN STBP MVSEC ANIE A [98]
Jik i AR Y % AR T % MVSEC ANiE [99]

Fang 2542 7 —Fh 3 T STDP 2% > B A1 7
ZrtD AL SNN, 78K R EUE S R T HAE R R
HEF 7 A ] et . Fang Z5093E T #E4W Y. STDP
TN LG, R T — R T RIRER RS
T Pl Bk A 22 R 2% I SEIR R AR B, 1%
2 m] DUR G b 56 A% 8 5 AR AR 14 O /AR, $RELS
A BT EEAT 55, AN 58 47 1 AT A R 1 A A=y mT
51, T HIE R T 5 B RUN T E W48 A0 2 18
FE, HEAHEMRMIEURE . Zeng S OE H T 5

- SNN HI 5 AN F e & BrainCog, SCHF &
K JE R BN FITh e, BAGEEIRERR . BRI HERL
BRI SR . BT R A e B AE B gmAS LS, 1%
-6 AT DU B & SR I P shas, M SNIN AL 2 1]
Fe B AR 3, 07 B AR RN AL B 35 PR BRI 2
AN, FERCE SRR RS RS TS HERLA
PTG HEFE 2T 45 . Venkataiah Z50 74 H 7 —FhH T
BRI TR T SR EC ) SNN, - BE % B HEAf
Mok TR T RO RE I A, SEI R URAC AL G &
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w5 HABRBESVRESEAELTRREE LRPNLER

iiﬁ}i; 2 2 K SRS Bt s BEE
ARG BRhERA R 2% ANN-SNN ## ChnSenti 85.02 [100]
Subj 90.60
SNN BACHRE T 1% Enwik8. BookCorpus ! OpenWebText2 AN H [101]
SNN BACHRE T % N/A 99.00 [102]
IR SNN [F20 %3] TIMIT. FAME #1 Librispeech NiEM [103]
SNN 1% B & LR I TI-46 95.23 [104]
SNN I H 57 SR 50 () S5 AR 25 TIDIGITS 97.52 [105]
154 T &3 SNN R 22 R AL Amazon reviews database 95.00 LA I [106]
SNN ANN-SNN 4% crowd-sourced happiness ratings '*’ ANiEH [107]

*o HMAMBIRREZEERE

HEHRIE W% RH » 2%
{155 gt B Hk SR
HRHEE SNN  STDP N/A [114]
SNN STDP ConceptNet [115]
R4 SNN - STDP MIDI [116]
SNN  STDP MIDI [119]
SNN  STDP MIDI [120]
HIESAC SNN  STDP IBMDSP. ISBSG-10/1 [117]
CHINA
SNN  STBP ¥ [121]
FEAME] SNN  STBP & [122]
SNN  STDP ¥ [123]

Pem Il H B AR . Steffen FHE T —Fh A £
ZHEI A AT BR AT R SNIN,  RERS XS ] BB IA 5
SR AL I3 € e IUAT HE R AR . SNN K IFAT AR
BELAE 77 MV Fy P SRR 8 8 L B8 S I g 7 24 15 1) 22
e, SRR AR LR S, DU R A WA AL (14
HAAEROLAL H AR, A O fa 05 AR R 47 33E
2k, SETTHERAR AR B RIEEA AR

(M) TR Rss

MHT, HFE BT R RE ALY, RN
Oy IR 77 0 N T A S i A 70 4 1F 76 AS W T 2 3k
fho I 104, DAREES: 2] AR B ANNLE 3 2R TE
FACEL ., UGN IR BE P SR A5 5 A T R
B, AT LAVCHEN G 4 e G . AR TR 2 2
Z ML, SNNRLE T ZEME K mAMma(s
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BACEEMUE, BAER e AEENEERMERET.
BT RER TSRS, fE— e R LR T A S
ANN HE DL Ak B BF 2 $ 0 i R v B RE n) . B
% SNN Z R M A R, HNH s E
BRI, TR, R, B, %
By Bk A B S 5 A T

1. BRIT g RR

N T ReHAR OO BRI 8 B AT LA B A R
REfL R R B S, W ETIAW R . R
1T, BT A AT b ATH T I S A e s Il v ThFE . K
ARG 5 B RS e B U 5 R ) S R X R
SNIN 25 28 i 8 Rl B A R i ity 2 Bl P B8 ) S W 28
HESP AL S THHE TN R R, HAEE T
AU L B AEAS T KRR AL, B AR M
BATH MR R HEl, OfF —Se5H AR
AT EF R E S TS T IO T R
AT R A I BR A LA PR SR
HASS, B Ja B NS A PR A HEAT 0 51
8T, CAIS BT 23 ISR R 22, i Ty
FEATHWNIET EEREL T, fe Ak HER
RAS T IR FPRAS ST T 2R 300 0 N Ak 2R 7
BRI IS, Ay e PR AR thAh, M
TEATHEAE M E TIN5 37 0697 AT TR R M
F o WE 0N 08 W I 21 g A A K o 15 5L 55 3 A i i
A IFREAT T, SEIAMARL IR A T, 3B
FEE IR W2 . N RIS 2B DA R IR R
] T S22 e o PRI S, R A W] E s xe
I 3 A 4005 ST AT TR RR B s 2, 1T S 40 AR AH
SRBRF9, A T 2 it v P R 2 5 TS 3 0
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2. Tl As

A T AR LA, i3 5 — ELAE A8 P AS IR
AR L E T M E. H TR+
IR O 28 BB E KRR 3 A 7= I R v S BT o A S
Tor i B Bk, R A S DS I (14 B K S PR A A
FEXT AR, 5% =l 78 20 4 s o B s 7 ThD A7 AE AN
o BTG ET WAL a2, HEEEN
A RS 52 [ T8 U Z i R 1), T DASRAE ek B
(PR () ,  ELS et BB AU, o DAUHE 304
PRIAE R AR AE R S PRI, & TS LG
& AR AE A G Aar W A0 2N 25 00 5 AR 7 T B A B RAR
# . Belbachir 2" 7ERF FH S AL G 2% 0 2 8 ]
DA S Tl A S AT 55, anxig sk i
PR Ay SRR TSI o Ni SR FH He 28 7 265 00
B RS X TP RO BLR 5 38038 30 AL T 2R 47 3R
B, MBI 4000 Hz FIRIBE, IhsEEl T
R BMASRBUR B AL S . AT S RS
¥ 8 6e B s HliE T ML B A PR KRR B — AN
MZEx, ARG T REE S RERIEKE.

3. AN

A RN A N EAWNG IR S £
EXRIE DA BiE . S ERAN R R W&
Il s R e, AWSEIE R R, BAl, EEE
HIZR M GERELE = M EE R 2 A 5 P A EIB S L AR
AR RS R ARG . 15 SO R
TN, REARE X SOE S EE . TS
B XBREE, WiEE. ey, 85, EeESE,
TR ) A o v A5 28 UG M A SR IR . SR
SNN TE 35 & 1R 51 J7 TH U T 2 [ g pprosos s,
Aadtm TR E SR, KT RS
PR ZE, JUHREME RN T IR IVBONI =
Ak, FT SNN PR ThFETE & R 75 A 1A U514
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